Intraspecies genetic diversity has been demonstrated to be important in the pathogenesis and epidemiology of several pathogens, such as HIV, influenza, Helicobacter and Salmonella. It is also important to consider strain-to-strain variation when identifying drug targets and vaccine antigens and developing tools for molecular diagnostics. Here, the authors present a description of the variability in gene expression patterns among ten clinical isolates of Mycobacterium tuberculosis, plus the laboratory strains H37Rv and H37Ra, growing in liquid culture. They identified 527 genes (15 % of those tested) that are variably expressed among the isolates studied. The remaining genes were divided into three categories based on their expression levels: unexpressed (38 %), low to undetectable expression (31 %) and consistently expressed (16 %). The expression categories were compared with functional categories and three biologically interesting gene lists: genes that are deleted among clinical isolates, T-cell antigens and essential genes. There were significant associations between expression variability and the classification of genes as T-cell antigens, involved in lipid metabolism, PE/PPE, insertion sequences and phages, and deleted among clinical isolates. This survey of mRNA expression among clinical isolates of M. tuberculosis demonstrates that genes with important functions can vary in their expression levels between strains grown under identical conditions.
INTRODUCTION
Mycobacterium tuberculosis is one of the most devastating human pathogens in the world. Each year there are 8 million new cases, and 2?4 million people die of tuberculosis. Because of increasing awareness of the worldwide public health burden exacted by this disease, the research community is focusing efforts on the development of new drugs, vaccines and diagnostics for M. tuberculosis. The search for tools to combat the disease has benefited from some major advances in the field. First came the determination of the genome sequences of the laboratory reference strain and a clinical isolate (Cole et al., 1998; Fleischmann et al., 2002) . Second, upon availability of these sequences, researchers were able to design microarrays that could measure the expression of virtually every gene found in the genome (Behr et al., 1999; Betts et al., 2002; Fisher et al., 2002; Manganelli et al., 2002; Talaat et al., 2002; Wilson et al., 1999) . These advances have aided the understanding of M. tuberculosis.
The genetic diversity of any pathogen requires special consideration when developing drugs, vaccines and diagnostics. There is always the possibility that a reagent may be effective with some strains of an organism and not with others. Therefore it is useful to survey genetic diversity among clinical isolates, in order to obtain some sense of the extent and types of variability that occur. This will help researchers to identify targets that are less likely to vary among strains, perhaps because their functions are essential to the life cycle of the organism. Some insights into M. tuberculosis genetic variation have come from comparison of the two sequenced genomes; the frequency of single nucleotide polymorphisms in M. tuberculosis is lower than in other bacteria (Fleischmann et al., 2002) . Because horizontal gene transfer has not been demonstrated in M. tuberculosis, most of the genetic diversity of M. tuberculosis occurs in the form of insertions and deletions, as well as polymorphisms in the PE and PPE genes.
While several groups, including our own, have examined variability of M. tuberculosis at the DNA level, this is the first systematic survey of variability in mRNA expression among clinical isolates of M. tuberculosis. Genes whose expression varies among isolates when assayed under a single growth condition may make poor drug targets and vaccine antigens and may affect molecular diagnostics, so they can be used to narrow down lists of candidate molecules. Because the measurement of gene expression is extremely sensitive to environmental conditions, comparison of gene expression is labour intensive. In this study, we surveyed 12 strains. These strains are a subset of those for which we have already published genomic deletion information (Kato-Maeda et al., 2001) . In order to ensure maximum reproducibility of the experiments and avoid complications caused by differences in growth conditions, we measured gene expression under well-controlled in vitro conditions. Our aims were to provide an overview of gene expression variability among clinical isolates under a single growth condition and to test whether gene functional classes are related to variability in expression.
METHODS
Bacterial strains. Bacterial strains and study population have been previously described (Kato-Maeda et al., 2001) . Briefly, eight strains were from the San Francisco cohort from 1991-98 (Jasmer et al., 1999) ; strain CDC1551 (Valway et al., 1998) and strain 1843 (KatoMaeda et al., 2001) were from outside San Francisco. Also tested were laboratory-adapted strains H37Rv (Sanger strain, kindly provided by Stewart Cole) and H37Ra (ATCC 25177).
Preparation of M. tuberculosis cell culture. Frozen aliquots of the isolates were inoculated into 500 ml roller bottles, each containing 30 ml of 7H9 broth supplemented with 0?05 % Tween 80. The roller bottles were rolled at 6 r.p.m. at 37 uC, ambient atmosphere. All cultures were measured daily on the spectrophotometer at 600 mm. The OD 600 values of the cultures were used to monitor bacterial growth. To obtain homogeneous cultures (without clumping), the cultures were maintained in exponential phase (OD 600 between 0?1 and 0?5) through repeated dilution into fresh media. The subcultures were examined daily to monitor clumping using an inverted microscope at 1006 magnification. Once a homogeneous culture was obtained, the culture was diluted to an OD 600 of approximately 0?1 and grown for an additional 24 h; then the OD 600 was measured again to ensure they were in exponential phase. The culture was diluted to an OD 600 of 0?14 and further incubated for an additional 3 h. Finally, the cells were pelleted by centrifugation and quickly frozen on dry ice.
Experimental reproducibility. For comparison of gene expression, it is essential that RNA be extracted from bacteria under precisely controlled standardized growth conditions, because gene expression patterns are quite sensitive to small variations in growth conditions and phases. In order to compare the gene expression profiles of different clinical isolates, we ensured that the cultures were all grown under the same conditions and collected at the same growth phase. The different bacterial strains entered exponential phase at different times, some 2 days, some 7 days after inoculation. Four separate cultures were prepared from each strain in order to provide replicates reflecting the variability inherent in handling the cells. To evaluate the reproducibility of experiments among the four independent cultures, we performed linear regression using the normalized log 2 (Ch2 RNA/Ch1 DNA) ratios of one array from each condition as the predictor variable and the three other replicate arrays as the response variable. The R 2 values ranged from 0?62 to 0?92. Visual inspection of identity graphs, in which the log ratios from each replicate array in a set were plotted against the corresponding values from another array of the same strain, indicated a clear unskewed linear relationship between the sets of values from the replicate arrays (data available online as Supplementary Figure S1 at http:// mic.sgmjournals.org).
Isolation of M. tuberculosis total RNA. M. tuberculosis total RNA was isolated from 25-30 ml culture (OD 600~0 ?2) using an Ambion Total RNA Isolation Kit (Ambion Inc.). The manufacturer's protocol was followed, except that cell walls were disrupted using a Mini bead beater (BioSpec Products). After frozen bacterial pellets were resuspended in 1 ml denaturation solution, they were transferred to a 2 ml screw-cap tube containing 0?5 ml glass beads (diameter 0?1 mm). This mixture was shaken in the Mini bead beater six times for 30 s at maximum speed (~5000 r.p.m.) before performing the rest of the extraction.
DNA was removed from 10-20 mg of total RNA using the Ambion DNA Free Kit (Ambion Inc.) according to the manufacturer's instructions. The total RNA was loaded on a 1?2 % agarose gel for electrophoresis. Clear bands of 16S and 23S bacterial rRNA subunits indicated little degradation of RNA. The RNA concentration was quantified by spectrophotometry.
Preparation of fluorescent-labelled cDNA and genomic DNA probes. Fluorescent-labelled cDNA was synthesized by reverse transcription from total RNA in the presence of Cy5-dUTP. The RT reaction was carried out using 2 mg total RNA in 50 mM Tris/HCl (pH 8?3), 75 mM KCl, 5 mM MgCl 2, 0?2 mM dNTPs (except 0?02 mM dTTP), 1?5 ml Cy5-dUTP (Amersham), 2 mg N6/N10 random primer and 200 U of Superscript II reverse transcriptase (Gibco-BRL). The RT reaction was incubated for 10 min at 25 uC, followed by 2 h at 42 uC.
H37Rv genomic DNA was digested with AluI, and then labelled by primer extension in the presence of Cy3-dUTP using DNA polymerase Klenow fragment. In the reaction, digested DNA (2 mg) was mixed with N6/N10 random primer (2 mg) in a total volume of 50 ml. The reaction mixture was heated to 95 uC for 5 min, and then cooled on ice. Five microlitres 106 EcoPol buffer (New England Biolabs), 5 ml dNTP (2 mM each dATP, dCTP, dGTP and 0?2 mM dTTP), 1?5 ml Cy3-dUTP (Amersham) and 4 ml DNA polymerase Klenow fragment (5 U/ml, New England Biolabs) were added to the sample. The reaction was incubated at 37 uC for 2 h.
The Cy5-labelled RT reaction products were combined with 1 ml Cy3-labelled DNA sample. The mixture was diluted to 400 ml and then concentrated to 7 ml through a Microcon-YM10 filter (Millipore).
Microarray hybridization. To the 7 ml combined labelled cDNA and genomic DNA probe, 1?9 ml 206 SSC, 1?52 ml 2 % SDS and 0?67 ml 10 mg yeast tRNA ml 21 were added to a total volume of 11 ml. The probes were denatured by heating at 95 uC for 2 min, then placed on the array under a 20 mm620 mm glass coverslip. The hybridization was carried out overnight at 65 uC in a humidified slide chamber. Arrays were washed by submersion and agitation once in 16 SSC with 0?05 % SDS for 2 min followed by twice in 0?066 SSC for 1 min. The arrays were dried by centrifugation. Glass microarrays spotted with PCR amplicons based on the H37Rv genome sequence were used, as previously described by Behr et al. (1999) .
Array quantification and data analysis. The hybridized array was scanned using an Axon scanner. Cy3 and Cy5 hybridization intensities for each spot were measured using ScanAlyze software (http://rana.lbl.gov/EisenSoftware.htm). Data were submitted to the Stanford Microarray Database (SMD). Raw data are available from SMD at http://genome-www.stanford.edu/microarray. Prior to data analysis, spots whose regression correlation was below 0?5 were removed from analysis (see ScanAlyze documentation for explanation of this quality control parameter), and then spots missing more than 20 % of their data across all the arrays in the set were removed from analysis. Of 3778 unique sequences represented on the array, 3595 were retained after filtering in this way. A list of genes for which good-quality data were not available in this set of experiments is shown online in the Supplementary materials, Table S1 (http:// mic.sgmjournals.org).
log 2 [(Ch2 Intensity2Ch2 Background)/(Ch1 Intensity2Ch1 Background)] ratios were used to represent RNA expression levels for each strain. This differs from commonly used experimental designs in which two RNA samples are compared on a single array, and the log ratio represents the fold difference in expression of a given gene between the two samples. When genomic DNA is used in the reference channel, each gene sequence in the DNA sample is present in a molar ratio of 1 compared with all other sequences in this sample. Therefore, dividing the RNA intensity value by the DNA intensity value is effectively the same as dividing it by 1, except that the signal for each gene becomes normalized for spurious printing and hybridization effects. Therefore the log ratio represents the log expression level of the RNA in the sample and not the relative expression levels between two samples.
The scale of the values of the log ratios is arbitrary, as the detection sensitivity for the RNA and DNA samples are set independently and are unrelated. Therefore the assumption was used that the overall distribution of gene expression was the same across all samples, which is reasonable because they were all measured under identical conditions, and the number of genetic differences affecting gene expression levels was expected to be small (Fleischmann et al., 2002) . The set of log 2 (Ch2/Ch1) ratios for each slide were normalized to bring the data from all slides onto the same scale as follows. (1) For each slide, the set of log ratios was median centred. (2) For each spot across all slides, the median log ratio was determined, producing a vector of spot medians. (3) For each slide, the slope of the linear regression of the log ratios from that slide versus the vector of spot medians was determined. (4) The values for each slide were scaled by dividing each log ratio of that slide by the regression slope corresponding to that slide, producing the final normalized values. This procedure resulted in consistently less variation among gene expression levels from replicate arrays of the same strain than before normalization (data available upon request).
RESULTS

Definition of gene expression categories
Because microarray data are inherently noisy, we wanted to identify genes whose expression was more variable between strains than within the replicates of a single strain. There are several methods for identifying differentially expressed (variable) genes in replicated microarray experiments while controlling the Type 1 error rate (false positives). These methods have been compared and discussed by Dudoit et al. (2002 Dudoit et al. ( , 2003 . They determined that the Westfall & Young maxT step-down procedure performed the best among those tested. Therefore we used this procedure, as implemented in the bioconductor R package (http://www.bioconductor.org, multtest library version 1.0, 4/16/2002). We set the Type 1 error rate to be 1 % and obtained a list of 527 genes (15 % of the 3595 genes tested) that were differentially expressed. We subsequently refer to these genes as 'variable'. A hierarchical cluster diagram of these genes is available online as Supplementary Figure S2 at http://mic.sgmjournals.org.
We delineated sets of genes that were consistently expressed or unexpressed under the conditions tested. To do this, we determined the limits of detection of our microarrays. Previous experiments in our laboratory identified genomic sequences that were deleted from each of the clinical isolates compared with the H37Rv genome sequence (KatoMaeda et al., 2001 ). Since there is some level of non-specific hybridization on every spot on these amplicon arrays, we used the deletion information as a negative control to model the non-specific hybridization (available online as Supplementary Figure S3 at http://mic.sgmjournals.org). Some of the isolates had no deletions, so we pooled the deletion log ratios for all strains after normalization. Because we believe that some of the log ratios of the deleted genes represent cross-hybridization, we chose the 90th percentile of these values, 0?246, as our reference cutoff value above which we believe expression is reliably detected.
After excluding those genes that were identified as 'variable' using the Westfall & Young procedure, we defined the 'consistently expressed' genes as those for which ¢90 % of the log ratios across all strains were above 0?246; 560 genes (16 % of the genes tested) fell into this category. Conversely, we defined 'unexpressed' genes as those for which ¢90 % of the log ratios across all strains were below 0?246; 1382 (38 %) genes fell into this category. There were 1126 genes (31 %) that did not fall into any of the three other categories, and we called these 'low expression', because they fell close to the limit of detection, and therefore were within the noise level of the cutoff. Fig. 1 provides boxplots comparing the distribution of log ratios of genes in each category. The lists of genes and their expression and functional categories are available online as Supplementary  Table S2 at http://mic.sgmjournals.org.
Relationship between expression categories and functional categories
We used the x 2 test to see if the distribution of genes among the expression categories was independent of the functional categories of the genes as listed in the Tuberculist M. tuberculosis gene database (http://genolist.pasteur.fr/ TubercuList). The null hypothesis of independence was rejected with a P value <2?2610 216 . Therefore there is a significant relationship between the functional categories and expression levels. The contingency table is shown in Table 1 (a). Comparing the observed values with the expected values, genes with functional categories 'insertion sequences and phages', 'PE/PPE', 'regulatory proteins' and 'lipid metabolism' were associated with the 'variable' or 'unexpressed' expression categories. Genes in the 'information pathways' and 'virulence, detoxification and adaptation' categories were associated with 'consistently expressed'. Genes in the 'unknown' category were associated with 'unexpressed'.
In a table with many categories, simply comparing the numbers of genes in the observed versus expected tables does not give us a sense of how much each category contributed to the departure from independence, or how strong an association there is between a functional category and an expression category. Therefore we performed a correspondence analysis to decompose the value using the MASS and mva libraries in R. This produces a biplot, shown in Fig. 2 . The interpretation of biplots produced by correspondence analysis of microarrays data is discussed by Fellenberg et al. (2001) . Briefly, the distance of a point from the origin (marked with a cross in the figure) represents its contribution to the x 2 statistic. In other words, the farther away from the origin a point is, the more it contributes to the departure of the contingency table from independence. The percentage of the x 2 statistic explained by the first (x) axis is 75?3 %, and that of the second (y) axis is 22?5 %, meaning that 97?8 % of the information in the x 2 statistic is depicted in the biplot. The parabolic shape of both the expression categories and the functional categories on the biplot (illustrated with dashed lines in Fig. 2 ) is an example of the classic 'horseshoe' or 'Guttman' effect (Greenacre, 1984) . This indicates that there is an underlying gradient along the parabola from 'expressed' to 'low' to 'unexpressed' to 'variable' that corresponds with a similar gradient among the functional categories from 'information processes' to 'insertion sequences and phages'. From the biplot it can be seen that the greatest contribution to the x 2 statistic comes from the association between 'expressed' and 'information pathways', followed by 'insertion sequences and phages' with 'variable'. 'Lipid metabolism' and 'variable' lie almost exactly on the same line from the origin, indicating that the skew in lipid metabolism is almost entirely a result of having more 'variable' genes than expected. The same is true for 'virulence, detoxification and adaptation' and 'consistently expressed'.
Expression categories and genes that are deleted in clinical isolates
Our laboratory has surveyed 100 clinical M. tuberculosis isolates from our collection and identified genomic deletions in each isolate compared with H37Rv (Tsolaki et al., 2004) . The distribution of genes that are deleted at least once in this set of isolates ('dispensable genes') among the expression categories is shown in Table 1(b). The dispensable genes were significantly more likely to be 'unexpressed' or 'variable' than would be expected if the expression categories and the deletions were independent; P value= 3?479610
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. The distribution of log ratios of these 203 genes in our dataset is shown in Fig. 1 , labelled 'disp'.
Expression categories and essential genes
We examined the distribution of the essential genes identified in Supplementary Table S1 of Sassetti et al. (2003) . The number of essential genes in the 'variable' and 'low' expression categories was almost the same as expected if the expression categories were independent from the essential genes, Fig. 1 . Boxplots illustrating the distribution of log ratios of genes in each expression category. The scale of the log ratios is arbitrary. The centre line of each box represents the median; the box encompasses the first quartile above and below the median; the brackets extending from each box represent the range except for the outliers; other points are outliers. The dotted line at 0?246 represents the detection cutoff explained in the text. See text for description of categories. Except for 'neg ctrl', data are pooled from all replicates of all strains after normalization. 'neg ctrl', Negative control: log ratios of genes deleted from each of the 10 clinical isolates in this study, representing non-specific signal (log ratios are only included for the strains in which the respective genes are deleted); 'unexpr', unexpressed; 'low', low expression; 'expressed', consistently expressed; 'var', variably expressed; 'all', all genes in dataset; 'disp', dispensable genes: log ratios of genes deleted at least once (Tsolaki et al., 2004) .
but there was a strong bias towards essential genes falling into the 'consistently expressed' category.
Expression categories and antigenic genes
We were interested in whether or not genes that were known to be antigenic were more likely to be variably expressed, possibly indicating that there is selective pressure on the expression of these genes from the host immune system. Belisle's group (Covert et al., 2001 ) has used a proteomics approach to identify 30 M. tuberculosis proteins that are T-cell antigens. Twenty-nine of these genes are represented in our dataset. The distribution of these genes among the expression categories is shown in Table 1(d). While it was clear that there were more antigenic genes in the 'expressed' and 'variable' categories than expected if the categories were independent, there were not enough genes in the 'unexpressed' and 'low' categories for (x 2 approximation may be incorrect because of low numbers.) the x 2 approximation to be valid. Therefore we combined the 'unexpressed' and 'low' categories into one category and the 'expressed' and 'variable' categories into another category, and performed Fisher's exact test. The odds ratio was 7?4 (95 % CI 3?0, 20?5) with a P value of 4?8610 27 , indicating that genes identified as T-cell antigens were 7?4 times more likely than expected to be classified as either 'expressed' or 'variable' as opposed to 'unexpressed' or 'low'. If we looked at 'variable' genes versus the other categories using Fisher's exact test, the odds ratio was 2?6 (95 % CI 1?1, 6?1), P value=0?029.
Genes in the PE and PPE families have been hypothesized to be variable surface antigens that influence the immune response of the host to M. tuberculosis (Banu et al., 2002; Brennan & Delogu, 2002; Brennan et al., 2001; Sampson et al., 2001) . We thought it would be interesting to see if there was evidence that any of these genes had variable expression among the clinical isolates. However, our microarrays are composed of PCR amplicons that were not designed to detect unique sequences. Therefore we extracted the sequences of the PE and PPE amplicons that were represented on the microarray and performed a BLAST search to identify homologous sequences in the H37Rv genome. Microarrays are fairly sensitive to mismatches, and other studies have indicated that cross-hybridization usually cannot be detected between sequences having <80 % nucleotide identity (Girke et al., 2000; Kane et al., 2000; Xu et al., 2001) . There are 112 PE/PPE genes in our dataset and of these 35 had amplicons with BLAST E-values <2610
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, match length >100 nucleotides and >80 % identity within the match. These genes were excluded as likely to cross-hybridize with other sequences. Of the 77 remaining PE/PPE genes in our dataset, only three were 'consistently expressed'. There were 37 'unexpressed', 17 'low', and 20 'variable'. Because some of the PE and PPE genes were classified as 'variable' in our dataset, there is evidence that different clinical strains of M. tuberculosis may be expressing different subsets of these genes. Expression levels of a few variably expressed PE and PPE genes are depicted in Fig. 3 .
DISCUSSION
We have surveyed the heterogeneity in gene expression among 10 clinical isolates of M. tuberculosis, plus the Fig. 2 . Biplot depicting results of correspondence analysis. The origin is marked with a cross. Expression categories, in bold upper case type: E, expressed; L, low; U, unexpressed; V, variable. Functional categories, in lower case: ip, information pathways; vda, virulence, detoxification, adaptation; cw cp, cell wall and cell processes; ch, conserved hypotheticals; im r, intermediary metabolism and respiration; unk, unknown; lm, lipid metabolism; reg, regulatory proteins; PE/PPE, PE/PPE; IS ph, insertion sequences and phages. The dashed bold line illustrates the parabolic arrangement of expression categories as described in the text; the other dashed line illustrates the same for the functional categories. The solid line illustrates the line from the origin through 'lipid metabolism' to 'variable', as described in the text. Fig. 3 . Expression levels of selected PE and PPE genes, displayed by strain. Error bars indicate one standard deviation from the mean of four replicate arrays for each strain.
laboratory strains H37Ra and H37Rv. Strains were tested under a single condition: exponential-phase growth in liquid culture. While this does not represent the natural environment in which these bacteria grow, it was the most efficient way to test a large number of isolates, including replicates, while minimizing small variations in culture conditions that might affect gene expression. Of the genes in our dataset, 15 % had significantly variable expression under the condition tested, highlighting the importance of considering strain-to-strain variability in gene expression when choosing genes as drug targets, molecular diagnostic markers and vaccine antigens. Three interesting classes of genes that are thought to be important for host-pathogen interactions were significantly associated with variable gene expression. These were T-cell antigens, PE and PPE family genes, and genes involved in lipid metabolism.
Definition of gene expression categories
To make sure that the variability in gene expression was due to the genetic background of the strains rather than to the growth conditions, we tested each strain under exponentialphase growth in rich liquid culture. About one-sixth of the genes tested (527) displayed significantly variable expression among the strains under these conditions. We divided the remainder of the genes tested into 'unexpressed', 'expressed' and 'low' categories, with 1382, 560 and 1186 genes in these categories, respectively. We were able to assay expression levels (as opposed to relative fold changes in expression) because we co-hybridized the RNA from each strain with genomic DNA. Since each gene in the genomic DNA is present in a molar ratio of 1 compared to every other gene, it hybridizes to every spot equally except for spot-specific effects, and avoids the problem of ratios with zero in the denominator. Therefore the ratio is a normalized measurement of RNA expression level rather than a fold change. We have not calibrated the ratios to reflect the number of RNA molecules per cell, so the scale of the ratios is arbitrary, and we do not know our limits of detection. For this reason, we are unable to determine whether genes in the 'low' category are not expressed or simply not consistently detectable in our system. A comparative analysis of the distributions of gene expression levels in eukaryotic cells (Kuznetsov et al., 2002) indicated that across a wide range of species (yeast, mouse, human), cell types and experimental conditions, the distributions are strongly skewed with many low-abundance transcripts. If prokaryotic cells behave similarly, the number of genes in each of our categories is not surprising, and it is likely that the genes in the 'low' category are actually expressed at low levels.
Expected associations between expression categories and gene classes
Several classes of genes had unsurprising associations with the expression categories. This gave us confidence that our data and our analytical approach were valid. This is the case with the genes with functional categories 'insertion sequences and phages' and 'PE/PPE' occurring more often than expected in the 'unexpressed' and 'variable' expression categories. It is also not surprising that the genes categorized as 'information pathways' occur twice as frequently as expected in the 'expressed' category. Information pathway genes are associated with replication, transcription and translation, and include genes for sigma factors, polymerases and tRNA synthetases. These processes are expected to be highly active in bacteria undergoing exponential-phase replication. The association of genes identified as essential by Eric Rubin's group (Sassetti et al., 2003) with 'consistently expressed' is also expected, although it should be noted that there were 82 'essential genes' that were variably expressed among the clinical isolates. Finally, the association of genes deleted among a large sample of clinical isolates (Tsolaki et al., 2004) with 'unexpressed' and 'variable' expression supports the idea that these genes are not essential for the growth of the organism. Only 15 of the 203 'dispensable genes' in our dataset were 'consistently expressed'.
Expression categories and functional categories
The enrichment of 'lipid metabolism' genes in the 'variable' category is interesting, as it is intriguing to speculate that this may have some effect on the interaction of the bacteria with the host. Lipid metabolism genes are involved in the scavenging of energy sources from the host, but they are also involved in producing the waxy coat typical of mycobacteria (Azad et al., 1997; Barry, 2001; Cox et al., 1999; Kolattukudy et al., 1997; Puzo, 1990) . Lipids and genes involved in lipid metabolism have been implicated as mycobacterial virulence factors and are thought to play a role in host-pathogen interactions (Barry, 2001; Cox et al., 1999; Daffe & Etienne, 1999; Hiromatsu et al., 2002; Puzo, 1990; Rook & Zumla, 2001; Rosat et al., 1999) . Other studies have uncovered evidence of variations in lipid patterns among clinical isolates (Barry, 2001; Chaicumpar et al., 1997) ; it would be interesting to compare the variations in gene expression with the lipid profiles of these strains. Such a comparison may help us to home in on the specific functions of these genes, which are mostly poorly characterized.
Genes in the 'unknown' functional category were enriched for genes in the 'unexpressed' expression category. Genes annotated as 'unknown' are those that have no homology with other sequences in the databases (genes of unknown function that are homologous to other genes are referred to as 'conserved hypotheticals'). The fact that the 'unknowns' were less likely to be detectably expressed suggests that this functional category may contain many genes that were incorrectly identified as coding sequences. On the other hand, it is possible that these genes and homologous genes from other organisms are real genes that are unknown because they are not expressed at detectable levels under standard culture conditions (culture bias).
Expression categories and antigenic genes
We hypothesized that genes functioning as T-cell antigens might be more likely to be variably expressed among clinical isolates, as a result of immune selection. Although the numbers were small, there was a significant enrichment for 'variable' and 'consistently expressed' genes among the genes identified as T-cell antigens by Belisle's group (Covert et al., 2001) . The consistently expressed gene enrichment is not surprising: since Covert et al. used a proteomics approach to identify the T-cell antigens, it is likely that their results were biased for highly expressed genes. It is interesting, however, that the T-cell antigen list was enriched for genes that are variably expressed among the clinical isolates. This suggests that these genes might be undergoing immune selection in vivo, resulting in changes in their expression. While the variability in expression of these genes supports the idea that they are antigenic, it is not promising for those who would want to use them as vaccine antigens, as they may not be expressed at high levels in all strains.
In a similar vein, we were interested in whether or not there was evidence in our dataset that PE and PPE genes might be variably expressed among the strains tested. These mysterious gene families are unique to mycobacteria and were discovered when the H37Rv genome was sequenced (Cole et al., 1998) . It has been hypothesized that these genes may contribute to antigenic diversity and act as a sort of decoy for the immune system. There is evidence that some of these genes can be expressed at the cell surface, are antigenic, and are variable among clinical isolates (Banu et al., 2002; Brennan & Delogu, 2002; Brennan et al., 2001; Sampson et al., 2001) . Because these genes are members of families of highly related proteins, it has been difficult to determine whether clinical isolates are expressing different members of these families, since antibodies often crossreact with multiple family members, and the repetitive sequences make the RNA difficult to amplify and sequence. For this reason, we used an informatics approach to identify spots that were likely to be measuring unique sequences of the genes. After excluding spots that were likely to crosshybridize with other members of the gene families, 77 of the 112 PE and PPE genes represented in our dataset remained. Most of these 77 genes (54) were expressed at low to undetectable levels, but 20 of them were variably expressed among the clinical isolates. Only three of them were consistently expressed. Therefore our data support the idea that members of these gene families are polymorphic and expressed differentially among clinical isolates.
Expression categories and common vaccine, diagnostic and drug target candidate genes Three major vaccine and diagnostic targets, esat-6, Antigen 85A and 19 kDa antigen, were classified as 'variable' in our system. Although esat-6 was designated 'variable' among strains, it was expressed at high (albeit variable) levels in all strains. Therefore our results do not call into question its viability as a vaccine antigen that should be effective against many strains of M. tuberculosis. Similarly, Antigen 85A, while expressed on average at much lower levels than esat-6, was still well within the range of detectable expression in all strains. The 19 kDa antigen was expressed overall at lower levels than Antigen 85A, and in some instances hovered near the limit of detectable expression in our system. If high expression levels are important for vaccine or diagnostic targets, the 19 kDa antigen might be a poor candidate molecule. However, if low levels of expression are sufficient, it would be of interest to test this candidate using a more sensitive method, such as RT-PCR.
Drug targets are a bit trickier to assess, since protein concentration within a cell may affect drug efficacy. (It is important to remember that mRNA levels may not always correlate with protein concentrations.) Furthermore, the conditions under which a gene is expressed are important in developing therapeutics. There is considerable interest in identifying drug targets that are expressed during the persistent stage of infection, such as isocitrate lyase and pcaA (Smith et al., 2004) . Not surprisingly, isocitrate lyase is expressed at low to undetectable levels in all strains tested under the exponential-phase rich growth conditions we used. On the other hand, pcaA, a gene involved in mycolic acid synthesis, and which has been implicated in mycobacterial persistence in mice, is consistently expressed in our system. Another interesting candidate drug target is nrdF2 (Kana & Mizrahi, 2004) , a gene encoding the small subunit of ribonucleotide reductase. This gene has been shown by Kana & Mizrahi (2004) to be essential under normal culture conditions and is also consistently expressed in our system. Because of the difficulties in interpreting expression data, especially data collected under exponentialphase growth conditions in liquid culture, we recommend using caution when extrapolating our results for potential drug targets. However, our results do point out that strain variation in expression does exist, so genes of interest should be assayed in several strains under relevant conditions before proceeding with drug development.
Conclusions
Variation in gene expression among clinical isolates has implications for pathogenicity and the identification of candidate genes for drug targets, vaccine antigens and diagnostic assays. The enrichment of lipid metabolism and PE/PPE genes and T-cell antigens for genes that are variably expressed suggests that clinical isolates may differ in their host interactions. Variable expression of some genes thought to be essential for bacterial survival highlights the importance of considering strain-to-strain variation when selecting candidate targets for therapeutics and diagnostics. We propose that, as techniques become optimized for studying global gene expression profiles of M. tuberculosis under conditions that are more closely related to host infection, strain-to-strain gene expression diversity should be examined under these conditions. Since such experiments are currently quite difficult and labour-intensive to perform, any genes of interest should be examined individually for gene expression variability among strains under relevant conditions.
